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Abstract 
Model for predicting chlorophyll content of Korean pine needles was developed using near-infrared spectroscopy 
(NIR) combined with support vector machines (SVM). A hundred and forty-four Korean pine needle samples were 
collected in the study. Chlorophyll content of needle samples was measured with chlorophyll tester of SPAD502. 
Support vector machines for regression (SVR) was applied to model building. Radial basis function (RBF) was used 
as kernel function to establish a model for predicting chlorophyll content of Korean pine needles. For the train set, the 
coefficient of determination (R2) and the mean square error (MSE) were 0.8342 and 0.3104, respectively. The R2 and 
MSE were 0.8207 and 0.4618, respectively, for the test set. Results showed that using SVM in near-infrared 
spectroscopy calibration could significantly improve the model performance for rapid and accurate prediction of 
chlorophyll content of Korean pine needles. 
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1. Introduction 
Korean pine forms mixed stands with a great multitude of other tree species to form stands that are 
recognized as the most species-rich forests. The mixed-broadleaved Korean pine forest is the largest and 
most important forest types in Northeast China, which is with high priority for biodiversity conservation. 
Additionally, it has provided large amount of timber as well as ecological services to local residents [1]. 
Chlorophyll is the green molecule in plant cells that absorbs sunlight and uses its energy to synthesis 
carbohydrates from CO2 and water. It carries out the bulk of energy fixation in the process known as 
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photosynthesis [2]. Photosynthesis is the basis for sustaining the life processes of all plants as well as the 
source of our life [3]. 
The plant growth information should be known in order to control the performance of the whole plant 
system grown under various conditions. Chlorophyll content in leaves is a good indicator for tree growing 
conditions both externally and internally [4]. Chlorophyll content in leaves can reflect the condition of 
leaf nitrogen, area of leaves and length of leaves, which are important parameters in predicting the plant 
growth conditions [5]. 
Similarly, chlorophyll content of Korean pine needles has played an essential role in growing process 
of Korean pine [6]. The accurate estimation of chlorophyll content can provide scientific basis for Korean 
pine growth condition as well as pathological diagnosis [7]. 
The aim of this study is to combine near-infrared (NIR) spectrometry with support vector machine 
(SVM) for modeling chlorophyll content of Koreas pine needles to predict the growth condition of 
Korean pine trees. 
2. NIR Spectra of Samples 
NIR spectroscopy is a kind of spectroscopy that scans an object or chemical using the near infrared 
portion of the electromagnetic spectrum, which is basically light with wavelengths ranging from 800 to 
2500 nanometers. By measuring the pattern of NIR light reflected by a certain sample, NIR spectroscopy 
can provide information about chemical composition of the samples scanned. NIR technology uses a light 
source to provide light that will bounce off the sample. A light-dispersing object, such as a prism, 
separates the light into different wavelengths. The near infrared wavelengths are detected and put into the 
recorder to provide proper analysis of the sample [8]. 
NIR spectroscopy has unrivalled characteristics with combination of high speed, accuracy, simplicity 
and low cost. Hence, NIR technique is widely applied to lots of areas [9]. 
In this study, NIR measurements were collected with an Analytical Spectral Devices (ASD) LabSpec 
Pro FR/A114260 portable fast scanning spectrometer at wavelength between 350 nm and 2500 nm. The 
spectral resolution is 3 nm @ 700 nm, 10 nm @ 1400 nm, and 10 nm @ 2100 nm. All measurements 
were made in a conditioned atmosphere maintained at relative humidity of 50% and temperature of 
20°C±1. A two-fiber-optic probe was used to collect the reflectance oriented at the sample surface. The 
speed of full spectral data acquisition is 0.1s. In the range of 350 ~ 1000 nm, the sampling interval is 1.4 
nm, and it is 2 nm in the range of 1000 ~ 2500 nm. Ten scans were collected within 1.5s, and averaged 
into a single spectrum curve, then automatically saved to specified location. Fig. 1. (a) shows the original 
spectra of Korea pine needle samples with varied chlorophyll content. 
 
 
Fig. 1. (a) NIR spectra of Korean pine needles; (b) NIR spectra of Korean pine needles after smoothing; (c) NIR spectra of Korean 
pine needles after first derivative 
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To eliminate impacts caused by uneven surface of needle samples as well as spectral shift, and to 
reduce the signal-noise ratio, the spectra were pretreated with smoothing (Fig. 1. (b)) and first derivative 
(Fig. 1. (c)). 
3. Modeling Chlorophyll Content of Korean Pine Needles by SVM Regression 
Support vector machine (SVM) is a powerful regression technique proposed by Vapnik and his group, 
whose theory is based on the idea of structural risk minimization and statistical learning theory. An 
optimum network structure and a better generalization performance could be achieved with SVM. 
Moreover the number of free parameters in the SVM does not explicitly depend on the input 
dimensionality of the problemˈwhich suggests that SVM could be especially useful to problems with a 
large number of inputs[10]. Therefore SVM has been successfully applied in many real-world areas such 
as pattern recognition, data mining, function approximation, etc.[11]. 
The objective of a SVM regression is to derive a function fƍ: RdĺR for an unknown function y=f(x): 
xęRd, yęR to ensure that the distance function (R(f, fƍ)=L(f, fƍ)dx, where L is Loss function.) has 
minimum value. Owing to the function f(x) is unknown, in order to derive the function fƍ, regression 
analysis must be done to the collected samples {(xi, yi), i=1, 2, …, l}, xi=(xi1, xi2, …, xid)T, xięRd, yięR.  
Specifically, the İ-insensitive support vector regression will be used to prediction of stock prices. In 
the İ-insensitive support vector regression, the goal is to find a function f(x) that has a İ deviation from 
the actually obtained target yi for all training data. 
4. Non-heuristic Parameter Optimization  
For the overall data, the practical   is regarded as Y and the absorption rate is regarded as X. The 144 
needle samples were randomly divided into train set (about 3 / 4 of the total samples) and test set (about 1 
/ 4 of the total samples). The radial basis function (RBF) (k(x, xi)=exp(-Ȗýx-xiý2),Ȗ˚0) was used as the 
kernel function. 
After selecting the kernel function, the corresponding parameters are adjusted. This is the so-called 
parameters optimization. The parameters for SVM regression mainly include penalty parameter c (related 
with the setting of e-SVR) and Kernel parameter g (setting by Ȗ in kernel function RBF). 
 
 
Fig. 2. Results of parameter optimization 
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Non-heuristic parameter optimization was adopted in this study. The concrete idea is to seek c and g in 
a certain range (for example c = 2^(-5), 2^(-4), ..., 2^(5), g = 2^(-5), 2^(-4), ..., 2^(5)). To the gained c and 
g, taking training set as source data set, the method of K-fold Cross Validation (K-CV) was applied to the 
source data set to obtain the mean square deviation of training set. Then the best c and g could be 
determined to minimize the mean square deviation of training set. However, there could possibly be many 
groups of c and g corresponding to the minimum mean square deviation. To optimize the model, the 
group of c and g with minimum c was selected as the best parameters. If there are more than one g 
corresponding to the minimum c, then take the first searched group c and g as the best parameters. The 
results of parameter optimization are shown as Fig. 2. 
All computations, chemometric analyses and graphics were executed with programs developed in 
Matlab 2009b (The Mathworks, Inc., Natick, MA, USA). The radial basis function (RBF) models and the 
SVM regression models were fitted using the functions provided in the libsvm-mat-2.89-3 toolbox. 
5. Results  
Coefficient of determination (R2) is a statistics that gives information about the goodness of fit of a 
model. It measures how good the estimated regression equation is. The higher the R2, the more 
confidence one can have in the equation. Statistically, the coefficient of determination represents the 
proportion of the total variation in the y variable that is explained by the regression equation. It has the 
range of values between 0 and 1. It is computed as 
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Mean square error (MSE) is one way to evaluate the difference between an estimator and the true 
value of the quantity being estimated. MSE measures the average of the square of the "error" with the 
error being the amount by which the estimator differs from the quantity to be estimated. The MSE is close 
to zero relative to the magnitude of at least one of the estimated treatment effects. The MSE of an 
estimator Tˆ  with respect to the estimated parameter ș is defined as 
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Fig. 3. (a) Prediction results for chlorophyll content of train set; (b) Prediction results for chlorophyll content of test set 
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For the NIR-based chlorophyll content modeling, R2 was 0.8342 with MSE of 0.3104 for the train set 
(Fig. 3. (a)). For the test set, R2 was 0.8207 while MSE was 0.4618, which demonstrated an excellent 
statistical performance of the fittted models (Fig. 3. (b)). 
The difference between the predict value of a quantity x0 and its measured value x, is given by 
 
0x x x'                                                                                                                                         (3) 
ǻx is called the absolute error, and the relative error įx is defined as 
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Using the models developed in the study, the chlorophyll content was predicted for the test set and 
both absolute error and relative error was calculated for each testing sample (Table 1). 
Table 1. Chlorophyll content prediction results of the Korean pine needles for the test set 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
For the test set, the maximum value of the relative error was negative 0.0386, and the minimum value 
was negative 0.005. The absolute values were all less than 0.05, which indicates excellent performance of 
the prediction models. 
6. Conclusions and Discussion 
Chlorophyll content of tree leaves is a key indicator of the physiological status of a forest canopy. 
However, its distribution may vary greatly in time and space. The estimation of chlorophyll content of 
Sample Measured  Predicted Absolute Relative Sample Measured Predicted Absolute Relative  
Number Value Value Error Error Number Value Value Error Error 
1 38.3 37.9 -0.4 -0.0104 19 38.7 39.0 0.3 0.0078 
2 37.6 37.1 -0.5 -0.0133 20 38.2 38.6 0.4 0.0105 
3 37.8 38.0 0.2 0.0053 21 36.3 35.4 -0.9 -0.0248 
4 37.2 37.5 0.3 0.0081 22 38.9 38.2 -0.7 -0.0180 
5 39.5 40.0 0.5 0.0127 23 39.3 38.9 -0.4 -0.0102 
6 37.6 37.1 -0.5 -0.0133 24 37.5 37.3 -0.2 -0.0053 
7 38.7 38.2 -0.5 -0.0129 25 37.3 37.0 -0.3 -0.0080 
8 39.0 38.6 -0.4 -0.0103 26 40.2 39.7 -0.5 -0.0124 
9 39.1 39.4 0.3 0.0077 27 40.0 39.4 -0.6 -0.0150 
10 40.0 39.8 -0.2 -0.0050 28 39.5 39.0 -0.5 -0.0127 
11 39.0 38.2 -0.8 -0.0205 29 39.8 39.0 -0.8 -0.0201 
12 37.8 38.0 0.2 0.0053 30 40.6 39.9 -0.7 -0.0172 
13 39.5 40.0 0.5 0.0127 31 38.4 37.7 -0.7 -0.0182 
14 39.0 39.2 0.2 0.0051 32 38.1 37.3 -0.8 -0.0210 
15 38.5 37.7 -0.8 -0.0208 33 40.0 39.7 -0.3 -0.0075 
16 38.0 37.5 -0.5 -0.0132 34 37.2 36.6 -0.6 -0.0161 
17 37.8 37.1 -0.7 -0.0185 35 37.7 37.0 -0.7 -0.0186 
18 39.1 38.9 -0.2 -0.0051 36 38.5 38.0 -0.5 -0.0130 
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canopies or branches by extrapolation from leaf values obtained by destructive sampling is labor intensive 
and potentially inaccurate. 
As an advanced nondestructive testing method, NIR can rapidly and inexpensively predict the 
chlorophyll content of Korean pine needles with adequate accuracy. The prediction model produced with 
SVR depends only on a subset of the training data. The cost function for building the model ignores any 
training data close to the model prediction (within a threshold İ). This study and the corresponding results 
showed that NIR coupled with SVR evidently enhanced the prediction precision with a good results. The 
results from this study could be used to the accurate estimation of cholorophyll content of Korean pine 
needles. Additionally, this study provides a new way for the evaluation of tree growth and health 
conditions in the field. It could assist in the decision making for forest management. 
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